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ABSTRACT
How are you related to Malawi? Do recent events on the
Comoros effect you in any subtle way? Who in your ex-
tended social network is in Croatia? We seldom ask ourselves
these questions, yet a “long tail” of content beyond our ev-
eryday knowledge is waiting to be explored. In this work
we propose a recommendation task of creating interest in
little-known content by building personalized “bridges”
to users. We consider an example task of interesting users
in little-known countries, and propose a system which ag-
gregates a user’s Twitter profile, network, and tweets to cre-
ate an interest model, which is then matched to a library of
knowledge about the countries. We perform a user study of
69 participants and conduct 11 in-depth interviews in order
to evaluate the efficacy of the proposed approach and gather
qualitative insight into the effect of multi-faceted use of Twit-
ter on the perception of the bridges. We find the increase in
interest concerning little-known content to greatly depend on
the pre-existing disposition to it. Additionally, we discover a
set of vital properties good bridges must possess, including
recency, novelty, emotiveness, and a proper selection of lan-
guage. Using the proposed approach we aim to harvest the
“invisible connections” to make explicit the idea of a “small
world” where even a faraway country is more closely con-
nected to you than you might have imagined.
Author Keywords
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INTRODUCTION
Since Travers and Milgram [20] provided experimental evi-
dence on the effective size of the social space – quantified at
six hops on average – our small world has shrunk even fur-
ther. Time scales have virtually vanished and geographical
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distance has become irrelevant through the advent of the In-
ternet and the Web 2.0: we now live in an ultra-small world
[5]. Indeed, breaking news from any point on Earth pop up,
within minutes, in our collection of connected devices, while
we whimsically interact with peers around the globe.
In practice, this idealized vision is hindered due to psycho-
logical, social and technological constraints. Our world is
potentially an ultra-small one, as long as any piece of infor-
mation is just a few steps away from a given source; and yet
a bubble hampers our capacity to reach out. Possible cul-
prits are our limited attention span [23], a preference towards
similar [13] and nearby acquaintances [19], and the filtering
layers that mediate our online experience [15]: news feeds
and social connections that are chosen to get more of what
we like and agree with, and less of what challenges our be-
liefs or is simply not of interest. Remarkably, however, not
everything within the bubble is agreeable and exciting; and
–presumably– not everything outside of it is offensive or in-
different to our preferences.
The aim of this work is then to propose a break-through ex-
ercise, an attempt to discover (or create) interest beyond the
“comfort zone”. Unlike the standard recommender system
setting, wherein the recommendation algorithm is like a sales-
man that first tries to understand your needs and interests and
then recommends a product that you are likely to buy, in our
setting, the unfortunate salesman only has a single item that
you may be initially not interested in.
Our methodology, then, aims to provide personalized bridges
to connect social media users to any content.
A bridge between a user u and a content c is a bit of
information that increases u’s interests in c. We are par-
ticularly focusing on personalized bridges where the bit
of information makes an explicit link between u’s inter-
ests, origin or social network and content c.
In this paper, we consider a case study of relating users to
various countries. To find such bridges, we build a user in-
terest model (via their Twitter account) and a country model
(using several knowledge sources), and discover user-country
connections that may fill the “gap” between the two. Note
that such gap might originally already be a small one, e.g. be-
tween a user and their home country, but the challenge lies
in distant connections. “Distant” should here be understood
in its widest meaning: literally distant places, but also cultur-
ally remote, economically unrelated or with poor media cov-
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Figure 1: An illustrative example of our approach. On the left, the profile for @user, a fictitous Twitter user, is shown. On
the right, three types of “bridges” linking this user to the country Malawi are shown. Bridge (a) uses the fact that the user has
specified “NYC, USA” as their location. Bridge (b) is a relevant tweet from the user’s friendship network on Twitter. Bridge (c)
exploits the user’s interest in triathlon. The goal is to increase the user’s interest in Malawi through one or more of such bridges.
erage. Figure 1 shows a fictitious example where bridges are
built between a Twitter user from the U.S. who is interested in
triathlons and the South-East African country Malawi. Pos-
sible bridges may include Wikipedia articles (a), tweets from
their friends (b), or news stories (c).
To evaluate bridges utilizing a variety of sources, we conduct
a user study, generating personalized bridges for 69 Twitter
users, and conduct further interviews with 11 participants.
As a result, we provide insight into the user’s treatment of
little-known content, information coming from their social
network, and the multi-faceted behavior our system encoun-
ters.
Although our current system is targetting countries, the in-
sights we produce empirically are generalizable to many other
kinds of target content. The issues of personal closeness to
the members of one’s personal network, the attractiveness of
media, recency, and novelty are all applicable to building con-
nections via user interests and network. Beyond our motivat-
ing application of broadening a user’s news diet, our approach
can contribute to the area of Data Science for social good, as it
may raise awareness for “forgotten places” during humanitar-
ian crises or natural disasters. It could become one potential
tool to help “rewire” the world to create true cosmopolitans
[28].
It’s hardly possible to overstate the value, in the present
state of human improvement, of placing human beings
in contact with other persons dissimilar to themselves,
and with modes of thought and action unlike those with
which they are familiar.
– John Stuart Mill
RELATED WORK
For a helpful contextualization of our work, we focus on the
select research avenues within the domain of recommenda-
tion systems which include context-aware approaches, those
which incorporate social network information, or propose to
explain their recommendations. Below we spotlight only
those which share some features that are relevant to our pro-
posal.
First, we highlight works deviating from similarity-based rec-
ommendation, which aims to recommend items for which
similar people expressed some interest. In this less-populated
niche, the idea is to break through the filter bubble either
relying on serendipity (Auralist [26], for example, attempts
to introduce diversity into one’s musical playlist), or target-
ing purposefully contrarian standpoints ([7] explores visual-
ization of a law debate). We specially focus our attention
to the Terra Incognita project (https://terra-incognita.
co/) which has significant overlap with this proposal in that
(i) it has a central geographical ingredient; and (ii) it attempts
to relate users with locations (cities in this case) through the
mediation of news articles. Also, the project is related to
international news coverage biases [12, 27], a variable that
affects our work as well, as we discuss later. It lacks how-
ever any sort of personalization and does not attempt to build
bridges.
Besides the aforementioned Terra Incognita, other works
have paid attention to the recommendation of places explor-
ing location-based social networks [18]. More application-
oriented, we find a rather large literature which is focused
solely in touristic recommendation [4, 16] – attractions, mon-
uments, travel packages, etc. Some of these, mainly in the
domain of “smart systems” and Artificial Intelligence, share
with the current work the “proactive recommendation” trait
(in the sense of unasked for), but fall unequivocally in the
similarity-based recommendation set.
Third, there is a large body of work on the construction of a
user model. Abel et al. [1] rely not only on internal Twitter
activity (namely, user profile and authored tweets), but also on
the content of the news that the user visits to build up person-
alization. From this point of view, it is already a scheme that
transcends the single user and reaches out to other contents
for which the user has shown interest. Closer to the present
work, De Francisci Morales et al. [6] build a user model
which relies on the ego-network, i.e. information from the
user and from their immediate (more influential) neighbors.
They also provide a “news model” – as we build a “coun-
try model” – which is to be confronted with the user to seek
plausible recommendations. More generally, social network
information has been modeled in the context of recommen-
dation by Walter et al. [22], who propose that users “leverage
their social network to reach information and make use of
trust relationships to filter information”. Also, graph-based
approaches have quantified the relationships among both the
users and the items by weighing the graph edges during a ran-
dom walk traversal [11]. In the traditional recommendation
setup these approaches incorporate the social network infor-
mation into their item scoring algorithms. In this work, we in-
stead use the network information explicitly to motivate (that
is, “bridge”) the recommendation to the user, and provide de-
tailed user feedback on this strategy.
We also address the privacy concerns over the use of personal
information in recommendation. In exploring potential data
sources other than Twitter, we discuss the viewpoints of po-
tential users on expanding data collection to their Facebook
profiles. Although a study in 2005 has found people were
“quite oblivious” about their privacy settings on Facebook
[9], the later publicity and interface changes have increased
privacy-seeking behavior in its users [17]. Our findings sup-
port this phenomenon and further illustrate the complicated
division between professional and personal online personae.
Finally, it is possible to identify some works which devote
their efforts to provide explanations, which enhance the user’s
experience and understanding of the recommendation. Such
explanations may come in the form of illustration and graph-
ics [10] or “data portraits” and “organic visualization design”
[7]; tags [21]; or more complex, phrased explanations [3].
Our study focuses on the particular challenges of using Twit-
ter as a data source for links and explanations, specifically
providing a list of desirable attributes (motivated by extensive
interview process) and methodological approaches to achieve
them.
BUILDING BRIDGES
The nature of our experiment requires a collection of data as-
sociated with (i) the user and (ii) the country to which we are
trying to uncover an interest. Below we describe the process
of collection, selection, and cleaning of the data for both, and
the bridges we build using it.
Twitter User Data
In order to personalize the bridges, we first need to under-
stand the user’s interests, which we attempt using public Twit-
ter data. We collect data using the Twitter APIs, and more
precisely, the twitter Python library1. First, we collect
the user profile data, including the handle, screen name, self-
assigned location string, description, and profile image URL.
We then proceed to collect the 3, 200 latest tweets by the user.
We use this data in order to build a model of the user’s inter-
ests by applying the following steps:
• The tweet text and the profile description are lower-cased
and cleaned of special characters, URLs and handles. The
text is then tokenized to result in 1-grams (single words),
which can be counted to generate an initial language
model.
• These 1-grams are then filtered using several stopword
lists, including a comprehensive list of English-language
words and the top 500 Twitter terms obtained from a gen-
eral Twitter sample (using Decahose).
• A part of speech tagger is then applied to the remaining
terms (using Stanford NLP toolkit2) and only nouns (or
plural nouns) are selected.
• The tweets are also cleaned and tokenized to produce 2-
and 3-grams (2 and 3 word potential phrases).
• The 1-, 2-, and 3-grams are then merged such that the fre-
quency of lower-n grams is reduced by that of higher-n
grams which include them (so the count for “social” does
not include the count for “social media”). In this process,
we favor the higher-n grams (as they are likely to express a
more precise concept), and select all candidates which pass
an empirically-set frequency threshold of 3.
• Finally, the language model of the profile is added to the
resulting list with an assumption that it contains concepts
user chose as most important in describing themself on the
website.
The resulting terms are often places, such as cities and coun-
tries in which users live (such as texas or france), concepts
associated with their professional interests (university, engi-
neering), and other interests (hogwarts, cat, salsa). Some
1https://code.google.com/p/python-twitter/
2http://nlp.stanford.edu/software/tagger.shtml
terms came to the top of the frequency lists due to being men-
tioned in automated tweets, such as lastfm artists and posts
from foursquare.
Although much Twitter and internet-specific language was
filtered using the stopword created using a sample of a Twit-
ter Decahose, those with smaller frequencies still make it to
the user terms. Thus, using three annotators, we manually ex-
clude terms which would likely lead to poor bridges, includ-
ing terms which may be too general (country, things), too
ambiguous (analysis, system), or Twitter-specific (hashtag),
or too nonsensical (t20wc2014 fb). As we describe below, we
also use crowdsourcing to further clean this list of potential
user interests during the survey construction.
However, we do not restrict ourselves to the interests of the
user, but utilize their network to link the user to other coun-
tries. We collect the user’s social network by getting the
user’s 5, 000 friends and followers, and for those which are
both friends and followers, their profiles and 3, 200 of their
most recent tweets. For such “reciprocal” friends, we attempt
to discern which country their location string belongs to us-
ing Yahoo PlaceMaker3. Similarly, we extract the mentions
of locations in various countries from the tweets these users
have produced.
Country Data
Now that we’ve collected information on the user’s potential
interests and network, we turn to the countries. We use five
resources to collect facts which are potentially interesting to
the user.
Wikipedia (https://www.wikipedia.org/) is a volunteer-
based free encyclopedia which has been used as a resource for
numerous studies. Its pages on countries include a summary
of their geographic, economic, and political attributes, as well
as cultural remarks. We collected data for 240 countries, with
the text, stripped of HTML and other template content, hav-
ing an average length of 3, 363 words.
Wikitravel (http://www.wikitravel.org/) is another
volunteer-based free encyclopedia which is designed for
travelers to various destinations. Its articles explain the main
geographical attributes of the location, how to travel to and
from it, and what to see, do, and eat, as well as recommen-
dations on where to stay. Whereas some of this information
may overlap with Wikipedia, these pages provide an “on
the ground” view of the location, with peculiarities of local
culture, cuisine, and focus explicitly on features deemed to
be interesting to a visitor. We collected Wikitravel articles
for 177 countries, with an average length of 3, 929 words.
Famous people (http://www.worldatlas.com/), collected
from the World Atlas site, are manually compiled lists of
noted individuals from various countries, including politi-
cians, artists, sportsmen, writers, and scientists. For each
person, we attempt to search Wikipedia for a page on that
person. Out of several possible pages returned by the Wiki-
pedia API4 we collect the number of page views each of these
3https://developer.yahoo.com/boss/geo/
4https://www.mediawiki.org/wiki/API:Main_page
pages has gathered using Wikipedia Article Traffic Statistics
website5 for 6 most recent months. The page which gets the
most hits is picked. Finally, we get the abstracts for each page
by parsing the page’s HTML. The final collection consists
of 178 countries with an average of 135 persons per country
(with an exception of the United States, which had individual
pages for each state, resulting in 6, 398 persons for the whole
country).
Interesting facts (http://www.sciencekids.co.nz/) about
the countries were scraped from an educational website. The
facts include geographical attributes of the country, its histor-
ical and cultural highlights, as well as local dishes and sports
games. Select 52 countries are covered by the website, with
an average of 17 facts per country.
Web search (https://datamarket.azure.com/dataset/
bing/search), unlike the previous four sources, was per-
formed with the user in mind, with the query consisting of
a user interest (as gathered in the previous section) and the
country name. The results then arguably represent webpages
which link the two. Out of 4, 158 (user, country, interest)
triples (see User Survey Section for description of the users),
4, 101 gave at least one result using the Bing API6. In the next
section we describe the cleaning procedures applied to these
web search results.
Building the Bridges
Using the above data, we now are able build several kinds of
bridges to address our research questions.
Matching interests
The country data we describe in the previous section con-
tains hundreds of potential bits of information (sentences and
paragraphs) which we may present to the user. To person-
alize this selection, we guide the selection of facts using the
interests found in the user’s tweets and profile. We begin the
search process with the interests which are most frequently
mentioned by the user. Among the retrieved candidate sen-
tences (in the case of Wikipedia) or paragraphs (in the case
of Wikitravel), we select those in which the interest word or
phrase appears the earliest. Among the famous people, we
select those with most Wikipedia page views, as a proxy to
popularity.
The selection of web search results is more involved, as the
Bing search results comprise a title, description, and URL.
We score the results using the following equation:
score = α (tc + ti) + β (dc + di)− rank
γ
where tc, ti, dc, and di are binary variables that indicate
whether the (t)itle or (d)escription contain the (c)ountry or
(i)nterest with weighting parameters of α = 30, β = 20 and
γ = 10. We filter the top 5 results using an empirically de-
termined threshold of score > 50 as this requires that (i) at
least one occurrence is in the title, and (ii) both occurrences
are found in either the title or abstract. To break ties, use the
one with the lowest rank.
5http://stats.grok.se/
6http://www.bing.com/toolbox/bingsearchapi
In summary, we generate four personalized factual bridges
using Wikipedia, Wikitravel, famous people, and web search.
As a non-generalized alternative we use the interesting facts
(due to being too few for a retrieval procedure similar to other
sources).
Utilizing User Network
As we discussed earlier, social network has been used in rec-
ommendation before [6, 11, 22], but we propose to use it as
explicit bridges to recommended items. Thus, we create two
kinds of personalized bridges using the social network of the
user. The first shows the mutual followers which are from a
country, as identified by their location string. It is our intu-
ition that the location of those connections which were made
on the basis of interest outside the geographic constraints may
be unknown to the user until pointed out.
Second, we examine the tweets of the reciprocal followers
(not necessarily from any particular country) which mention
the country of interest. For example, they may mention news
events (“Arizona wildfire near Yarnell kills 19 firefighters”)
and other facts (“70 years ago today 150,000 Allied troops
landed in Normandy”), but others express personal views
(“What an amazing goal by Messi”) or chatter with other
Twitter users about the countries (“@handle Hope youre hav-
ing a great time. Try Sagardi or Taberna del la Reina”).
These highly personal views of the countries, as well as news
and facts other users choose to retweet, may be more inter-
esting to our users. This is not only because their social
neighborhood is likely to share common interests, but also
due to the simple fact that they were expressed by someone
they know.
USER STUDY
We empirically test the proposed bridges via a user study.
The 69 participants were recruited via social media (Twitter
and Facebook), with their Twitter handles and home coun-
tries collected. We defined a “home” country as that in which
a participant has lived for some time, and we do not try to
bridge the user to these countries. Figure 2 shows the coun-
tries from which these users have been recruited. The top
two are Qatar and United States, with European and Asian
countries following, making for a geographically and cultur-
ally diverse group. Using the Twitter handles, we proceeded
to collect the participants’ Twitter profile, tweets, and social
network information, as described in the Twitter User Data
Section. After processing this information and generating a
candidate interest lists, we attempt to build a bridge between
each user and each country.
Figure 3 shows the coverage of the bridges for the six bridge
types. The x-axis corresponds to countries, omitted for read-
ability, sorted by the number of users with bridges to the
country, and the y-axis shows the number of users which were
able to be bridged to that country. The best coverage is pro-
vided by Wikipedia, Wikitravel, and the list of famous peo-
ple. Web search resulted in very few bridges, due to our high
quality threshold.
Intuitively, one would expect it to be easier to build bridges
to the more well-known countries. Indeed, Figure 4 shows
Figure 2: Countries shown in descending order of the number
of users in our study
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Figure 3: Number of bridges generated for each country (x
axis), with maximum of 69 user bridges
the Pearson correlations between the page views of Wikipe-
dia page for each country with the number of bridges built for
it. In all cases, the correlation is positive, but it is the greatest
for bridges which utilize the Twitter social network and its
content, underscoring the skewed distribution of society’s at-
tention [27]. Although outside resources like Wikipedia and
Wikitravel provide thorough coverage of most countries, and
especially those which are well-known, social network and
their tweets sometimes provide an alternative bridge to lesser-
known countries such as Macedonia, Georgia, and Dominica.
Out of the generated bridges, we now need to select those
which the user will annotate in our survey. To control for
the popularity of the country, we classify the countries into
well-known and little-known countries using the Wikipedia
page views as a guide, taking the top third of the countries
as well-known. We then select three well-known and four
little-known countries for each user. We guide this decision
by the number of bridges we were able to generate for a coun-
try, choosing those with most bridges first, randomly breaking
ties (when countries have the same number of bridges). How-
ever, for each user-country combination, each kind of bridge
has several candidates, and we use a crowdsourcing platform
to ensure high quality of the selected bridges, as we describe
next.
Figure 5: Screenshot of an example survey page
Figure 4: Pearson correlation of country Wikipedia page
views and the number of bridges generated
Quality control
We begin the selection of bridges by first ensuring that the
words and phrases extracted from the Twitter profiles and
tweets indeed represent a potential interest of the user. For
this, we utilize the crowdsourcing platform CrowdFlower7.
For each (user, interest) pair, we show the labeler the Twitter
profile including username, bio, location, and a selection of
tweets which may mention this interest. We then ask whether
the phrase represents a relevant interest of the user. We ex-
plicitly advise the users to remove non-sensical and overly
generic candidates. The quality was ensured using a set of
7http://www.crowdflower.com/
28 “gold-standard” pre-labeled questions designed to be ob-
vious to a labeler who has carefully read the instructions. The
labeler had to answer correctly 4 out of 5 such questions be-
fore their responses were deemed trustworthy during the first
task, and to continue answering correctly to one such ques-
tion for consecutive tasks. Each labeling task consisted of
10 questions, worth 8 US cents. Finally, each of the 776
(user, interest) pairs was labeled by 3 independent labelers.
The task proved to be fairly easy, with 85.49% inter-annotator
agreement (in label overlap). Using these labels, we were able
to disregard 12.6% of the potential interests.
Once the interests have been determined to be relevant to the
user, we consider the various information which may serve as
a bridge to a country. In a second CrowdFlower task we show
the user a fact snippet coming from either Wikipedia, Wiki-
travel, famous people descriptions, or web searches, taking
up to 6 candidate facts from each kind of bridge. We then ask
the labeler whether the fact is closely related to the interest.
Here, we aim to discard those snippets which are only
tangentially or erroneously associated with the interest. As in
the previous task, we use a set of 30 gold-standard questions
for quality control, and collect 3 labels per (interest, fact)
pair. This task has proven to be slightly more difficult than
the previous, with an inter-annotator agreement of 82.9%. In
total, 2, 565 (interest, fact) pairs were annotated, with 47.3%
judged as irrelevant to the interest.
Bridge types
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Figure 6: Interest increase for each kind of bridge for well-
known and little-known countries, with 95% confidence in-
tervals.
Survey
Using the above high-quality set of bridges, we generated per-
sonalized surveys for each (user, country) pair, with an exam-
ple shown in Figure 5. In the interest of space, the snippets
were implemented to appear when user hovered the mouse
over an interest, and links to further information (including
the sources of the information) were included. We first assess
the extent to which a user is already interested in a country,
and how close they personally feel toward it. A status mes-
sage at the top and bottom of the page indicated the number
of countries left to go. At the bottom, a free-text field allowed
participants to make remarks as they fill the survey.
Additionally, two more pages were shown to the participants
– a welcome page which explained the goal of this survey and
collected demographics, including age range, gender, and ed-
ucation, and a closing feedback page. The feedback allowed
users to enter free text about their experience, as well as dis-
cuss privacy concerns they may have, and other information
which may interest them about a country.
The survey participants were invited to take the survey via
email which they have submitted during the solicitation stage.
Out of 67 invited (2 were excluded due to near-empty Twitter
accounts), 40 have taken the survey, with a total of 253 indi-
vidual (user, country) surveys submitted. Out of the partic-
ipants, 29 were male and 11 female, with a median age be-
tween 31 and 35, and a high level of education, with majority
having at least a Master’s degree.
Perhaps not surprisingly, our respondents showed more initial
interest in well-known countries with an average score of 6.2
out of 10, compared to 4.3 for little-known ones. We see
the same trend for the personal closeness, with 5.2 for well-
known and 3.1 little-known countries. Note that the interest
scores were a whole point higher than the personal closeness
one, indicating that participants were interested in countries
beyond the personal connection.
We further examine the increase in interest for each bridge
type in Figure 6 for the two groups of countries (with 95%
confidence intervals). First note that the average increase in
interest ranges between 3.5 and almost 6.0 out of 10, indicat-
ing the validity of some of our bridging attempts. The dif-
Figure 7: Pearson correlation between the initial interest in
the country and the interest increase by each kind of bridge.
ference between the Wikipedia and Wikitravel interest scores
is significant at the p-values of 0.088 and 0.073 in the favor
of well-known countries, whereas the others have even less
significant difference. Note that the manually-created “inter-
esting facts” method has resulted in the best interest improve-
ment, suggesting the automated methods still need some im-
provement. Furthermore, we find a marked difference in the
way the participants’ initial interest affected their subsequent
interest in the bridges. Figure 7 shows that the initial in-
terest expressed in the country predicts the interest increase
for little-known countries much more than their better known
neighbors. This once more underscores the difficulty of con-
necting people to un-common information, especially if they
have little interest in it to begin with. The feedback in our
subsequent interviews further emphasized the importance of
matching known interests of the user when introducing new
information.
The bridges which were judged to be interesting included
hobbies like robotics and biking, political interests like rev-
olution and politics, and professional ones like social media
and science. A selection of bridges built using Wikipedia,
Wikitravel, and famous people is shown in Table 1. Wikipe-
dia tends to provide more historic perspective, such as a note
on the American revolution, whereas Wikitravel provides a
more personal on-the-ground information about travel routes
and activities. Famous people snippets often provide both a
historic perspective on the countries as well as a more inter-
national angle, as many cited people have traveled in or inter-
acted with several countries, such as the Korean-born Ameri-
can football player shown for interest pittsburgh.
As mentioned earlier, the users were able to let us know if
something did not seem right with the bridge by selecting
a “tech glitch” tick. User network’s tweets mentioning the
countries received the most ticks at 8 (out of 214 instances)
and 21 comments remarking on the poor matching of tweets
to the countries. There are several reasons for these mis-
matches: the ambiguity of online language with abbreviations
like “CA” (which may match to Canada or California), dif-
ferent languages and alphabets (our dataset included a large
amount of Arabic, as well as Korean, Turkish, German, etc.),
and ambiguous word choice (like “new york steak”). In Dis-
Table 1: Example bridges built using Wikipedia, Wikitravel, and Famous people as sources.
Interest Country Source Quote
robotics South Korea Wikipedia Robotics are also incorporated in the entertainment sector as well; the Korean Robot Game Festival has been held every year
since 2004 to promote science and robot technology.
revolution United States Wikipedia The American Revolution was the first successful colonial war of independence against a European power.
arabic Bahrain Wikipedia Arabic calligraphy grew in popularity as the Bahraini government was an active patron in Islamic art, culminating in the estab-
lishment of an Islamic museum, Beit Al Quran.
damascus Jordan Wikitravel Long distance taxis used to operate the route from Damascus to Amman. However, due to the current status in Syria you are
unlikely to be able to travel from Damascus to Amman via taxi, as anyone out in the open is at risk of being shot by either
government-controlled powers or the rebels.
bike Bhutan Wikitravel There is no better way to experience a place than by bike. Bhutan’s expansive wilderness, small sleepy cities, rural farmland,
tiny roads, majestic views, and everything else is that much sweeter on a bike. Biking isn’t easy though, being in the Himalayas
it requires long climbs at higher altitudes than most travelers are accustom to, followed by long descents down roads rarely wide
enough for two cars.
pittsburgh South Korea Famous people Hines Ward (born Mar 8, 1976) is a former American football wide receiver and current NBC studio analyst who played fourteen
seasons for the Pittsburgh Steelers of the National Football League (NFL). Born in Seoul, South Korea to a Korean mother and
an African American father, Ward grew up in the Atlanta area. [...]
tanks Russia Famous people Mikhail Koshkin (Dec 3, 1898 - Sep 26, 1940) was a Soviet tank designer, chief designer of the famous T-34 medium tank. The
T-34 was the most produced tank of World War II. He started out in life as a candy maker, but then studied engineering. [...]
cussion Section we propose some possible technical solutions
to these problems.
This exploratory survey gave us a first glimpse into our ability
to provide personalized bridges to countries, finding an inter-
play of user’s initial knowledge about the country, their inter-
ests, and the kind of informational snippets we provide. How-
ever, the long-form feedback pointed to a complex roles of
personal interests, personal versus professional emphasis of
the Twitter account, and the information presentation. Next,
we interview 11 participants (who come from all over the
world) to learn more.
INTERVIEWS
In order to get a more elaborate feedback on the bridges our
study participants have witnessed, we conducted 11 inter-
views of select users. Six male and 5 female users were from
one of the following countries: United States, South Korea,
Algeria, India, Turkey, Italy, and Bulgaria, spanning North
America, Europe, Middle East, and Asia. The interviews
were performed both online (using voice or video chat) and
in person. The interviews lasted between 15 and 45 minutes,
on average lasting about 30 minutes, and were driven using a
slideshow and a set of pre-determined questions, which were
organized as follows:
1. The interviews started with an explanation of the goal of
the study and a discussion of its benefits and possible diffi-
culties.
2. We then solicited feedback about the bridges built for the
study, overall impression and bridges which were specifi-
cally remembered by the participants.
3. We then showed 3-5 additional bridges hand-picked for the
participant to explore potential directions.
4. We finally asked the user exploratory questions about ad-
ditional information they may find interesting as a bridge,
and other sources of information (such as Facebook) which
may be used to mine their interests.
All of the participants have found the goal of the project in-
teresting and potentially beneficial. However, participant 7
was encouraging us to phrase our goal to make sure we are
not suggesting new interests – in which one is highly unlikely
to succeed – but instead exposing people to new information
they would not encounter in their daily lives. Some stated
that they already found ways of enriching their news interests
by following Twitter accounts of informational resources like
@Stratfor8 (participant 9). None, of course, were personal-
ized, though.
The interviewees provided a set of valuable feedback on the
quality of the bridges. The following aspects of the bridges
were particularly emphasized:
• Relevance. Once the interests have been determined, they
must be central to the information (facts and tweets) pre-
sented. For most, it was not enough that their contacts were
mentioning some country in their tweets – that is, network
alone does not substitute an interest model.
• Recency. Both extracted interests and the accompanying
facts should be recent and up-to-date. On the side of in-
terest extraction, more weight should be given to keywords
mentioned more recently. On the side of facts, participant
1 emphasized that he is interested only in the current events
and participant 6 that the statistics on the countries should
be up to date (especially about fast-changing phenomena
like internet use).
• Novelty. Not only the information must be recent, but also
it needs to be sufficiently different from the daily “chat-
ter”, such as current popular news or ongoing professional
events which may already be known to the user (partici-
pants 4 & 6).
• Personal closeness. Whether a contact is a personal or
professional one may make a difference, with updates from
personal contacts being more welcome, while personal up-
dates from professional contacts feeling “too private” (par-
ticipant 11). Both spheres also have degrees of importance,
though, illustrated when participant 8 noticed a tweet from
her close supervisor, and admitted that she would pay much
greater attention to it than to other professional contacts.
• Language. The language of the bridge may convey not
only the sphere of the interest, but would also introduce
8http://www.stratfor.com/
a greater variety of sources (participants 2 & 8), such as
Wikipedia articles in other languages.
• Media. Several participants (2, 3, 5) were suggesting that
photos, graphics or cartoons would be eye-catching and
may convey information quicker than text.
• Brevity. It would be the best, said participant 9, for the
bridge to be as small as a tweet. A number of survey
responders also commented on the length of some of the
bridges to be prohibitive.
• Emotion. Finally, participant 4 expressed a greater inter-
est in provocative, emotional, “flamish” (as in trying to
start a “flame war”) content, which, if coming from trusted
sources, would indicate a topic they really cared about.
Many responders emphasized the highly individual tastes
which would affect whether one is open to exposure to new
information. One have mentioned her friends who do not
travel internationally and have few friends abroad, who have
“entirely different view of the world” and who may be less
interested in other countries. Sensitivity to the world views
of individuals around the world is also needed to properly un-
derstand the particular meaning other countries may have for
them. Participant 2, for instance, cited a tense relationship
between India and Pakistan, such that travel and communi-
cation between the two neighboring countries is limited. In
this case, she found personal links to the other country espe-
cially intriguing, seeking to better understand commonalities
between the communities. On the other side, participant 4
expressed indifference towards the more familiar European
neighbors, and suggested that a friend’s presence in a more
exotic place would be more captivating. Cultural sensitivity,
therefore, may be needed to both understand whether a bridge
is to a common and “boring” or a new or even excitingly-
“forbidden” place.
DISCUSSION
Barring the technical challenges (which we address below),
the extent of the efficacy of our approach depends on the
content users are willing to share on Twitter. A majority of
our interviewees used Twitter for professional means, as well
as personal (although Participant 2 had three profiles, each
geared to different spheres of their life). A multi-purpose
Twitter profile then has social connections which may reflect
one or several facets of the user. Such relationships were de-
fined by Barnes [2] as a property of multiplexity in network
ties – those which serve more than one purpose or social ac-
tivity. Recent work on detecting professional versus personal
closeness in enterprise social networks by Wu et al. [24] il-
lustrates some features which may distinguish one from an-
other, including sharing professional interests, frequency of
communication and the activity level of each individual user.
Classifying user contacts into professional and personal (and
possibly other categories), as well as establishing the close-
ness of the relationship [25], may help in isolating the neigh-
borhood which may provide more appealing bridges.
Ambiguity was not only an issue for social connection selec-
tion, but also for the extraction and matching of user interests.
Here, alternative sources of information, as well as additional
NLP tools may be employed. First, additional information is
often provided in links shared through tweets, including pic-
tures from Instagram, locations from Foursquare, and even
public Facebook posts. A user’s webpage may provide an al-
ternative window into their online persona (which may also
be of a professional nature). Favorited tweets may show the
user’s long-term interests. Finally, clustering and segmenting
the contacts of the user into “interest groups” may help iden-
tify related concepts and enrich our understanding of the con-
text of a user’s posts. Furthermore, at matching time, iden-
tifying good candidate facts, using an aboutness score [14],
which employs coreference and reference resolution, would
result in a selection of more relevant texts. Finally, expand-
ing the concepts found both in user interest models and other
texts using knowledge bases (such as Freebase9) could pro-
vide more semantically rich connections.
In an attempt to gauge the sentiment about privacy issues, we
asked our interviewees about the mining of their social media
profile data, and especially that on other websites, including
Facebook. Although all felt comfortable with Twitter being
used for studies, most have expressed concerns about Face-
book. Participant 9 suggested to give the user control over
which parts of the account can be used for mining, while Par-
ticipants 3, 6, 8 would only allow an application access to
their Facebook data if they knew its legitimacy (if it came di-
rectly from this research group, for instance). Participant 7
even indicated that they would not welcome “bridging” sug-
gestions on Facebook (but would on Twitter). These findings
emphasize the need for clear communication between the ap-
plication developer and its users regarding data use concerns.
The aim of this project is to break through the “filter bubble”
surrounding each of us by taking advantage of more tenuous
connections, much like in Granovetter’s “weak ties” [8], to
cross group boundaries and compel the user to relate to new
information. For example, we envision a use of personalized
bridging in news websites, where along with an article addi-
tional information relating the reader to its events and entities
would catch and keep user’s attention. But to truly overcome
the news coverage biases [27], the news presentation and dis-
semination should be adjusted. As future work we will create
a news recommender Twitter account, which will generate
personalized news links to its followers (thus making it an
opt-in, low-hassle engagement for the user). The exploratory
nature of this project makes it particularly important to give
a user a chance to express their willingness to participate by
opting in to receive the messages. The same strategy was fol-
lowed in the user study of this paper, providing us with inter-
ested and attentive individuals to develop the system. Even-
tually, though, our aim is to generalize this system to be able
to improve the visibility of any long-tail content, including
news stories, societal issues, and far-away places. For ex-
ample, the same algorithms may be used in promoting other
content, such as charitable causes in little-known countries.
Many questions remain, though. How long will a bridge
“hold”? How can we evaluate such bridges on a massive
9http://www.freebase.com/
scale? Will users be patient with such unusual recommenda-
tions in the long term? Our future work in building a real-time
personalized bridge generator will hopefully answer some of
these questions.
CONCLUSIONS
In this work we attempt to build personalized “bridges” to
lesser-known content. Using open-source online resources,
as well as user social network, we attempt to interest users in
well-known as well as lesser-known countries. On average,
our recommendation resulted in 4 to 5/10 interest increase, as
measured using 253 user/country survey responses. We show
that the lesser-known countries are not only more challenging
to find bridges for, but also that the user’s initial familiarity
of it dramatically influences the effect of the bridge. During
the interviewing effort of 11 Twitter users we find a complex
multiplexity in the kinds of relationships fostered there, and
provide a set of requirements effective bridges must meet.
The results of this study will inform the creation of a sys-
tem for relating little-known content to social media users, in
attempt to break the barriers of technology and culture, and
give a voice to the voiceless.
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